Regional manual volumetry is the gold standard of in vivo neuroanatomy, but is labor-intensive, can be imperfectly reliable, and allows for measuring limited number of regions. Voxel-based morphometry (VBM) has perfect repeatability and assesses local structure across the whole brain. However, its anatomic validity is unclear, and with its increasing popularity, a systematic comparison of VBM to manual volumetry is necessary. The few existing comparison studies are limited by small samples, qualitative comparisons, and limited selection and modest reliability of manual measures. Our goal was to overcome those limitations by quantitatively comparing optimized VBM findings with highly reliable multiple regional measures in a large sample (N = 200) across a wide agespan (18-81). We report a complex pattern of similarities and differences. Peak values of VBM volume estimates (modulated density) produced stronger age differences and a different spatial distribution from manual measures. However, when we aggregated VBM-derived information across voxels contained in specific anatomically defined regions (masks), the patterns of age differences became more similar, although important discrepancies emerged. Notably, VBM revealed stronger age differences in the regions bordering CSF and white matter areas prone to leukoaraiosis, and VBM was more likely to report nonlinearities in age-volume relationships. In the white matter regions, manual measures showed stronger negative associations with age than the corresponding VBM-based masks. We conclude that VBM provides realistic estimates of age differences in the regional gray matter only when applied to anatomically defined regions, but overestimates effects when individual peaks are interpreted. It may be beneficial to use VBM as a first-pass strategy, followed by manual measurement of anatomically defined regions.
Introduction
A complex pattern of behavioral and cognitive changes characterizes adult development and aging. Understanding of the biological roots of these changes is predicated on understanding age-related transformations of the brain. The advent of magnetic resonance imaging (MRI) facilitated assessment of the effects of age on brain structure and made it routine (for reviews see Raz, 2000; Raz and Rodrigue, 2006) . During the first decade of widespread use of MRI, the traditional neuroanatomical and anthropometric methods were applied to quantification of human brain structures observed in vivo. In manual methods of brain demarcation and measurement, the MR image, though originated in digital data, is treated as a faithful analog of brain anatomy and its regions and structures are traced by human operators directly on the images. Manual volumetry has considerable face validity but 0197-4580/$ -see front matter © 2008 Elsevier Inc. All rights reserved. doi: 10.1016/j.neurobiolaging.2007.12.020 is time-consuming, and requires substantial training aimed at minimizing operator-induced error. Moreover, estimation of regional volumes through manual morphometry (manual volumetry) can be performed on only a limited number of brain regions at a time, thus requiring a priori hypotheses that allow narrowing down the number of such pre-selected target regions.
In the past decade, significant progress has been made towards ameliorating the abovementioned shortcomings of manual volumetry by developing semi-automated methods of evaluating regional differences in brain structure. In contrast to manual volumetry, which targets specific regions of interest (ROIs), automated methods use voxel-level information to estimate differences in local gray and white matter content in a standard stereotaxic space (Ashburner and Friston, 2000) and these voxel-based methods of estimating local density and volume of the gray matter can be grouped under the general rubric of voxel-based morphometry (VBM). As the name implies, VBM takes advantage of digital information available for each volume element (voxel) of the three-dimensional image. These methods hold a promise of perfectly reproducible hypotheses-free assessment of the whole brain that can be routinely conducted by minimally trained personnel with only cursory knowledge of neuroanatomy. Because of the high degree of automation, VBM permits high-throughput and efficient workflow in evaluation of large samples of brains in a reasonable time-frame. It is hardly surprising then that since its introduction, VBM has gained significant popularity. For example, typing "VoxelBased Morphometry" in a PubMed database on 27 October 2007 yielded 670 references, with a wide thematic range from idiopathic headache (May et al., 1999) to putative neuroanatomical peculiarities of professional mathematicians (Aydin et al., 2007) .
As the popularity of VBM is increasing rapidly and publications are amassing, there is a growing need for systematic comparison of the automated methods with manual methods of neuromorphometry that, due to their high anatomical validity, are held as the current gold standard. Despite concerns about the potentially problematic aspects of VBM that were expressed at its introduction (Bookstein, 2001) , only a few limited-scope comparisons between the methods have been conducted to date.
Although some significant differences among the VBM methods are apparent at the procedural and algorithmic levels, the basic stages of image processing are similar. VBM methods use a skull-stripped segmented brain image as their starting point. Segmentation algorithms divide the imaged brain tissue into gray matter, white matter and cerebrospinal fluid (CSF) with subsequent assigning of each voxel the probability of representing one of the three compartments, generally on the basis of differences in signal intensity. Local values of signal intensity can be studied in relation to some specified individual or group property (e.g., age) on a voxel-by-voxel basis. Because individual brains differ substantially in their geometric properties, comparison of individual's MR-based brain images requires conversion of the data into a canonical space. In VBM such normalization of the data to a standard space necessitates several corrective steps involving application of filters that, while improving signal-to-noise ratio, reduce the effective resolution of the initial high-resolution MR images. Resolution loss is often as much as 1000-fold: from 1 mm × 1 mm × 1 mm pixel on an acquired image to 10 mm × 10 mm × 10 mm pixel on a filtered image. Therefore, segmentation, registration, and normalization steps can introduce distortions and are a main concern in evaluating VBM performance. The difficulties of interpreting VBM findings are especially significant when small brain structures are concerned (Bookstein, 2001; Crum et al., 2003; Davatzikos, 2004; Eckert et al., 2006; Senjem et al., 2005) .
Although some attempts to evaluate VBM against manual volumetric methods have been made, many aspects of these comparative studies need improvement and/or updating. First, in all extant studies, comparisons between VBM and manual tracing methods were limited to either total brain volume or a very small number of manually traced ROIs (Allen et al., 2005; Cardenas et al., 2003; Dorion et al., 2001; Douaud et al., 2006; Giuliani et al., 2005; Gong et al., 2005; Good et al., 2002; Kubicki et al., 2002; Senjem et al., 2005; Tapp et al., 2006; Testa et al., 2004; Tisserand et al., 2002) . Second, reliability of manual measures employed in some of the comparative studies is either unspecified or measured by suboptimal reliability indices such as Pearson correlations or coefficients of variation (Douaud et al., 2006; Good et al., 2002; Tapp et al., 2006) . Third, some comparative studies employed non-optimized VBM methods (Giuliani et al., 2005; Tisserand et al., 2002 ) that produce density rather than volume estimates. Fourth, the extant comparative studies relied on relatively small-sample sizes ranging between 10 and 75 subjects, thus limiting the statistical power of the comparisons.
Most of the extant studies are limited to qualitative comparisons between the methods. In some studies, categorical measures, such as success in detecting diagnostic group differences were used as a measure of method differences (Cardenas et al., 2003; Testa et al., 2004) . In one study, limited to frontal regions (Tisserand et al., 2002) , the variance explained by manual and VBM-based measures was used as the means of a direct comparison of the manual and semi-automated techniques. In another study, a comparison between manual stereology of the prefrontal cortex and optimized VBM in young and middle-aged healthy adults revealed lack of convergence in gauging age differences in the frontal volumes, despite both methods finding an association between the medial prefrontal volume and fluid intelligence (Gong et al., 2005) . Because of limited overlap of VBM findings with the results of manual volumetry the authors concluded that despite its speed, reliability and high degree of automation, VBM cannot replace manual measurements. Several authors recommended that the two methods should be used in tandem as complementary measures (Giuliani et al., 2005; Kubicki et al., 2002; Testa et al., 2004; Tisserand et al., 2002) without specifying the exact roles for either method, and recommended "studying correlation between techniques [to] bring quantitative information of their degree of variation" (Dorion et al., 2001) . However, such comparisons require sufficient statistical power. For example, a smallsample study aimed at predicting conversion to dementia found no difference among automated, semi-automated, and manual methods (Cardenas et al., 2003) . Finally, although comparisons of VBM and manual measures are certainly sparse, even fewer of the comparison studies (Tapp et al., 2006 in canine model; Tisserand et al., 2002) focused on normal aging.
The purpose of the present study was, therefore, to address the limitations identified in the current literature and to quantitatively compare the manual measures of multiple ROIs obtained from unmanipulated MR images to the full-brain regional volume estimates derived from optimized VBM procedures. In addition to correspondence between the methods in measuring regional volumes, we evaluated the methods in their ability to detect age-related differences in the brains of healthy adults.
For this comparison study, we used a cross-sectional sample of 200 largely healthy non-demented adults that included a small subsample of persons with controlled hypertension. The age of the participants covered most of the adult lifespan (18-80 years). Manual measures of thirteen ROIs (11 in gray and 2 in white matter) and their correlations with age in this sample were published in Raz et al. (2004) . To expand the scope of regional measures and to provide additional opportunities to compare performance of the two methods in the white matter, we included two additional white matter regions to this comparison study. Thus, we had 15 manually defined ROIs available for a more extensive comparison than ever reported. Further, the regions selected as the standard of comparison are highly reliable. The reliability index employed in this study (intraclass correlation, ICC(2), Shrout and Fleiss, 1979 ) is more stringent and comprehensive than frequently used product-moment correlations or coefficient of variation. Intraclass correlation takes into account information about the order of observations, the distance among them, and the mean differences in the observations produced by two raters. Moreover, in the specific ICC formula, ICC(2), the error variance is computed under an assumption of random observers (Shrout and Fleiss, 1979) . This assumption makes it more difficult to attain high reliability, but ensures generalizability of the measures. Lastly, we performed quantitative comparisons between the two techniques in addition to the qualitative comparisons that have been reported in previous comparison studies.
Materials and methods

Participants
The data for this study came from a published sample (Raz et al., 2004 ) that consisted of 200 healthy right-handed, native English speaking participants (119 women, 81 men) across a wide age span (18-81 years, mean 46.93) with at least high school education (mean number of years of formal schooling was 15.76 years). Sample composition by decades is provided in Table 1 .
The participants reported no history of cardiovascular disease (except treated hypertension), diabetes, thyroid problems, drug/alcohol abuse, neurological or psychiatric conditions, or head trauma with loss of consciousness for more than 5 min. They denied using anti-seizure, anxiolytics, antidepressants, or recreational drugs or a habit of consuming more than three alcoholic drinks per day. All participants were screened for dementia and depression using a modified Blessed information-memory-concentration test (Blessed et al., 1968 ) with a cut-off of 30 and geriatric depression questionnaire (Radloff, 1977) with a cut-off of 15. An experienced neuroradiologist (JDA) examined the MR scans for space occupying lesions and neurodegenerative disease. Participants were strongly right-handed, indicated by a score of 75% and higher on the Edinburgh handedness questionnaire (Oldfield, 1971) .
MRI protocol
The images were obtained on a 1.5 T GE Signa scanner (General Electric Co., Milwaukee, WI). Volumes were measured on the full-brain images acquired with T1-weighted 3D spoiled gradient recalled (SPGR) sequence with 124 contiguous transaxial slices, echo time (TE) = 5 ms, repetition time (TR) = 24 ms, field of view (FOV) = 22 cm × 22 cm, acquisition matrix 256 × 192, slice thickness = 1.3 mm, and flip angle = 30 • . Thus, the acquired voxel size was Manual alignment involving rotation of the brain volume to correct for head tilt, pitch, and rotation was performed on each subject's high-resolution scan (A). For VBM (B), segmentation map produced after skull stripping, stretching to standard space, and smoothing. Note the observable difference in the resulting image resolution quality between the two methods.
.86 mm × .86 mm × 1.30 mm. The imaging site was fully staffed by medical physicists and MRI technologists, and the scanners were routinely calibrated using a standard GE phantom.
Manual volumetric morphometry
Most of the volumes of the individual ROIs were taken from our previously published study (two white matter ROIs, pre-and post-central white matter, were added for this comparison) and detailed descriptions of demarcation and tracing rules are available therein (Raz et al., 2004) . Briefly, we repartitioned the SPGR data set into .86-mm × .86-mm × 1.5-mm thick slices and manually aligned each participant's 3D volume using BrainImage v2.3.3 (Reiss et al., 1995) to correct for tilt (interhemispheric fissure), pitch (anterior commissure-posterior commissure), and rotation (orbits size equality) of the head (see Fig. 1A ). Hippocampus was traced on the scans after alignment along its long axis. The ROIs were manually traced on each 1.5 mm slice on each brain using NIH Image v1.62 software (http://rsb.info.nih.gov/nihimage/) by reliable expert raters with conservative ICC(2) coefficients (Shrout and Fleiss, 1979) of .90-.97 (see Table 2 for the list of regional reliabilities). The volumes (cm 3 ) were computed and adjusted for body size differences via regression/ANCOVA equations using manually traced intracranial volume (ICV). We examined the 15 ROIs in each hemisphere (Raz et al., 2004) , as listed in Table 2 and illustrated in Fig. 2 , including the two additional white matter regions adjacent to pre-and post-central gyri.
Voxel-based morphometry
To process the SPGR scans in the voxel-based morphometry framework Friston, 2000, 2001; Mechelli et al., 2005) we used the FMRIB Software Library (FSL 3.2) package (http://www.fmrib.ox.ac.uk/fsl/; Smith et al., 2004) . Our decision was based on considerations of convenience and does not imply endorsement of that specific software or assertion of its advantages over other popular VBM software (e.g., SPM, statistical parametric mapping, http://www.fil.ion.ucl.ac.uk/spm/). The goal of this study was to compare the VBM approach with manual volumetry and not to evaluate relative merits of specific software packages.
We applied the optimized VBM method, which has been reported to significantly reduce registration error and to reconstruct voxel volumes from density values via Jacobianbased correction (Ashburner and Friston, 2001; Good et al., 2001) . We chose to apply the most typical, robust and wellresearched VBM technique to ensure the generalizability of our comparison analyses. We have used this method in several other studies (Colcombe et al., 2003 Erickson et al., 2005 Erickson et al., , 2007 . This method consists of a "two-level" approach, where the first level refers to the initial processing of the images, followed by a "second-level" of processing which refers to re-running these similar steps on the study-specific template.
To begin, all brains were stripped of extracranial tissue (e.g., skull, para-orbital tissue, dura) using an accurate and robust deformable model algorithm (BET; Smith, 2002) . Each brain was then visually inspected and any excess extracranial matter was manually removed. It is crucial that image histograms of voxel intensity values represent only brain matter as the presence of skull or fat in an image submitted to segmentation will alter the range of intensity values classified as white matter and result in increased tissue misclassifications.
The skull-stripped images were segmented into 3D gray, white and CSF probability density maps via a semiautomated algorithm (FAST; Zhang et al., 2001 ) that uses a hidden Markov random fields model which, in addition to mixture histogram, takes into account spatial information and allows an improved estimate of tissue distribution in each voxel. The segmented probability maps in stereotaxic space were used as tissue priors to seed the tissue histogram distribution for the second-level (study-specific) segmentation. Skull-stripped brains were registered to MNI standard stereotaxic space using a robust 12-parameter affine transform based on a correlation ratio cost function with sinc interpolation (FLIRT; Jenkinson et al., 2002) . The transformation matrices resulting from registration were then applied to the segmented gray and white matter images, which produced segmented tissue images in standard space. We then created a study-specific template by averaging these images into a composite image that represents the average brain of our sample and then smoothed with a 4-mm HWHM 3D Gaussian kernel (∼8 mm FWHM). The smoothed image became the study-specific template used for later registrations.
To complete the optimized VBM process, the "secondlevel" of processing, the original skull-stripped brains (in native space) were registered to the study-specific template and segmented using the study-specific gray, white, and CSF probability maps (priors) (Good et al., 2001 ). These partial volume maps were inspected and corrected for misclassification of tissue segmentation at edge voxels at the gray/white and white/CSF borders. These maps were then registered to the study-specific template via a 12-parameter affine transform and spatially smoothed with a 4-mm HWHM kernel. Because significant stretching may occur during spatial transformation from native to study-specific space we computed the determinant of this second-level transformation Jacobian matrix and multiplied the gray, white, and CSF probability maps of the individual brains by the Jacobian determinant. This step attempts to preserve information about changes in voxel volume that were induced by spatial registration. The resulting modulated probability maps (illustrated in Fig. 1B and hereafter referred to as the modulated data) are used throughout this report. One participant was not included in the VBM analysis due to an unrecoverable artifact in the scan that negatively affected the segmentation algorithm. Thus, the final comparative sample consisted of 199 brains.
The gray matter, white matter, and CSF maps for each participant yield a partial volume estimate (PVE) of each brain tissue type for each voxel in stereotaxic space. Those PVEs were used as the primary-dependent measures in statistical analyses. Specifically, age, sex, and hypertensive status were entered into a general linear model as independent variables of interest, with the gray and white matter PVE map voxel-wise values as the dependent variables of interest. Thus, a separate model was run for each voxel using FEAT (FMRI Expert Analysis Tool; Smith et al., 2004) , with manually traced ICV as a covariate. A set of linear contrasts was then used to test the regression parameters, from which a Z-statistic was generated for each voxel. The resulting analysis yielded statistical parametric maps (SPMs) for regressed variables for each tissue type. Statistical parametric maps were thresholded at an uncorrected voxel-wise threshold of p < .001 (Z = 3.10).
Manually drawn ROI masks for VBM
To directly compare the manually measured volumes with the volumes estimated from VBM, we used hand-drawn binary ROI masks. The masks were drawn using the FSLview module on T1-weighted coronal images of a skull-stripped brain of a representative participant. For the purpose of mask generation, the representative subject was defined as the one with the least root mean squared difference (RMSD) from the mean sample-specific template image. We created the masks in native space of the subject with the lowest RMSD (98.1, range 98-153) and then registered each mask into studyspecific standard space. The list of mask regions (see Fig. 3 for an example) was identical to that of the manual volumetry study (Raz et al., 2004) , with an addition of two peri-Rolandic white matter ROIs. Note that NIH Image software used for Fig. 3 . Example of manually drawn ROI masks for VBM analysis. The same ROIs were manually drawn on a representative subject in native space and then registered to standard space to create the masks for a quantitative comparison of VBM and manual volumetry.
original measures did not allow us to save ROI objects, hence the need to create the masks in FSLview for this comparison study.
The correlation between the volumes estimated from the manually demarcated ROIs and the volume (number of voxels × 8 mm 3 ) encompassed by the ROI masks was r = .98. Thus, we demonstrated excellent reliability correspondence between the manually drawn ROI masks and original manual tracing. Each ROI mask was applied to the group (age variable Z-statistic map) and individual (partial volume estimation, PVE) image data, yielding two separate data sets. One contained average Z-score values for each region/mask and the values for each factor in the VBM model and the other consisted of regional data for each subject. Thus, the peak Zscores obtained from the VBM analysis could be identified within the manually traced ROIs for both the group and individual data. Finally, we computed summary statistics (min, max, and mean intensity, #voxels, and volume) within the masked areas to directly compare with manual volumes.
Results
Manual volumetric morphometry
First, we summarize the results of manual measures analyses as reported in our previous publication (Raz et al., 2004) . To examine the differential effects of age on the manually traced regional brain volumes, we used the general linear model, in which regional volume adjusted for ICV was a dependent variable, age was continuous predictor, sex was a categorical predictor, and hemisphere was a repeated measures factor. Although men still had larger regional volumes (with the exception of IPL), a sex × ROI interaction further indicated the magnitude of sex effects differed across the brain regions from moderate (d = .66 for VC, .51 for PHG, and .48 for ACG, .41 for HC, .38 for FW) to low (d < .3 for SSC, MS, IT, OFC) to negligible (d = .17 for DLPFC and .16 for parietal white). The observed pattern of sex effects was not consistent with that observed in our previous sample drawn from the same population (Raz et al., 1997) . However, a sex × age interaction was observed in HC, FG, and frontal white matter, where sex differences were observed only among the young participants.
We found neither significant effect of diagnosis of hypertension or hormone replacement therapy nor interactions among them. Correlations between age and regional volumes adjusted for ICV varied throughout the brain ranging widely from r = .04 in the inferior parietal lobule to r = −.63 in the dorsolateral prefrontal cortex (see Table 2 for details).
Voxel-based morphometry
The optimized VBM analysis yielded widespread effect of age on brain modulated density (see Fig. 4 for visual inspection of the age effect magnitude and Table 3 for Fig. 4 . VBM gray matter results: statistical parametric maps for age differences in gray matter revealed significant age-related reduction in modulated density in all lobes. The strongest effects were limited to the regions of parenchyma-CSF interface such as Sylvian and interhemispheric fissures, especially the superior temporal gyrus. The SPM is a map of significant Zstatistic values that correspond in color to the magnitude legend to the right, with the yellow voxels having an effect of up to 10.5. Note that because these are Z-values, they can be directly compared to the magnitude of effects for white matter in Fig. 5. peak coordinates). Inspection of peak coordinates and visual inspection of the gray matter statistical parametric maps (SPM; see Fig. 4 ) revealed significant age-related reduction in modulated density in all lobes. However, the strongest effects were limited to the regions of parenchyma-CSF interface such as Sylvian and interhemispheric fissures, especially the superior temporal gyrus (see Table 3 ). Age differences in the white matter modulated density were considerably less widespread and concentrated in the anterior and middle corpus callosum, periventricular areas and cerebellar peduncles (see Fig. 5 and Table 3 ). Note that in the whole-brain VBM analysis, the age effect on gray matter was stronger than on white matter. Specifically, as illustrated in Figs. 4 and 5, significant gray matter voxels associated with age occupied greater space than white matter voxels. Furthermore, the peak Z-statistics were higher in the gray matter compared to white matter (max Z = 10.5 vs. max Z = 7.2).
We observed several circumscribed regional differences between hypertensive participants (n = 19) and their normotensive peers as well as a significant hypertension × age interaction. Hypertension exacerbated the age-related differences. However, the extent of spatial distribution of those effects was limited. Specifically, the main effects of hypertension (reduced modulated density) were limited to gray matter in the left medial frontal and right and left inferior parietal regions. Peaks for the age × hypertension effect were limited to white matter in the left and right medial frontal, right superior temporal gyrus, right inferior parietal, and left posterior parietal regions. A right medial frontal cluster was also observed in gray matter, but contained only three voxels (max Z = 3.16), and overlapped with the right medial frontal Table 3 Location and coordinates of voxels demonstrating the highest age-association (adjusted for intracranial volume) for both gray and white matter and mean and standard deviation partial volume estimates (PVEs) from those peak voxels and relation to age white matter cluster. Specific coordinates, cluster size, and max Z-scores (peaks) for the age × hypertension effect can be found in Table 4 . It is notable that overlapping peaks in gray and white matter SPMs oftentimes occurred near the gray and white matter borders. As mentioned in Section 2, for VBM analyses, probability maps are the dependent variables of interest. Thus, even voxels with low probability of being gray or white matter (e.g., .2-.5) are still continuous variables that may show statistical relations, albeit within a restricted range of intensities. Fig. 5 . VBM white matter results: statistical parametric maps for age differences in white matter revealed age-related differences in modulated density were considerably less widespread than in gray matter and concentrated in the anterior and middle corpus callosum, periventricular areas and cerebellar peduncles. Note that the largest effects for white matter were in the yellow voxels, with values of up to 7.15, substantially smaller than the gray matter effects (of up to 10.5) shown in Fig. 4 .
In several small clusters of voxels, we noted sex differences across the age span such that greater modulated density was observed in women compared to men. Specific regions of sex differences in gray matter included the right superior temporal gyrus, right cingulate gyrus, left medial frontal, and the left inferior temporal regions. Regions of sex differences in the white matter included the left pre-central gyrus, right post-central gyrus, right inferior parietal, and right medial temporal regions. In addition, there was an age × sex interaction: men showed increasingly reduced modulated white matter density with age in the cingulate gyrus, right postcentral gyrus, left and right pre-central gyrus, right superior temporal gyrus, and the right medial frontal region. Specific coordinates, cluster size, and peak Z-scores for the sex effects are presented in Table 5 .
Note that the sex and hypertension effects were very small in both spatial extent and magnitude. Moreover, they disappeared after a cluster-wise threshold of p < .01 and voxel-wise threshold of Z = 2.33 were applied. The sex differences that were observed when total brain voxels served as a covariate (as seems to be a convention in many VBM studies) were substantially attenuated when an extra-cerebral index, ICV, was used as a covariate instead. For example, without ICV as a covariate there were 4138 significant (Z > 3.1) gray matter voxels and 4096 significant white matter voxels. With ICV entered in the model, however, the size of sexually dimorphic clusters dropped to 253 significant gray matter voxels and 289 significant white matter voxels.
Comparison of VBM to manual volumetry
Age differences in multiple cortical and white matter regions were apparent on VBM significance maps (Figs. 4 and 5) . In addition to the prefrontal regions that Note. All reported results are from the modulated data. #voxels is the number of contiguous voxels (cluster size) surrounding the peaks. L, left hemisphere, R, right hemisphere.
evidenced the highest correlations with age in manual volumetry, the VBM peak analysis placed the insula and superior temporal gyrus at the top of the most age-sensitive regions list. Notably, the highest peak Z-values for age effects were observed in the regions bordering the major fissures: Sylvian and interhemispheric. In the white matter compartment, age differences were limited almost exclusively to the periventricular regions and cerebellar peduncles. The top six gray and white regional peaks ranked by the age-effect Z-values are presented in Table 3 . Although visual inspection of age-related differences (Zscores) may be informative, the results obtained by the two methods need to be compared quantitatively. With that goal in mind we conducted several comparisons. First, we extracted the partial volume estimate (PVE, or proportion of gray or white matter) for each peak voxel from the list of the highest age-associated Z-scores for each subject (see Table 3 for coordinates and statistics). Those peak PVEs were correlated with age (see correlations in Table 3 ). The correlations between age and VBM-derived peak PVE ranged from r = −.26 for the right post-central gyrus white matter to r = −.79 for right superior temporal gyrus/insula gray matter. By comparison, the correlations between manually measured volumes and age ranged from r = .04 for inferior parietal lobule gray matter to r = −.63 for dorsolateral prefrontal cortex gray matter (see Tables 2 and 3 for all regions). However, voxel-based measures obtained from the peaks that already showed the largest age-related differences would be biased towards finding large Note. All reported results use modulated data. #voxels is a number of contiguous voxels (cluster size) surrounding peaks. L, left hemisphere, R, right hemisphere.
age effects. Therefore, the second step was to examine the peak values within the anatomically defined ROIs comparable to those from which regional volumes were obtained manually.
The maximum voxel-wise age differences for the ROIs that correspond to manually traced regions are reported in Table 6 . This comparison shows that every gray matter ROI and all but three white matter ROIs contained at least some voxels with significant age-differences. However, a singlevoxel peak located in a specific region does not have a clear anatomical meaning and cannot serve as a representative of the region. For a quantitative comparison of the manual and VBM results, we conducted the third analysis, in which VBM-derived density estimates were aggregated across the ROIs demarcated according to the manual volumetry rules (Raz et al., 2004) .
VBM regional mask analyses
We re-ran the same FSL model as before, but restricted it to the voxels within the binary masked ROIs. For each ith subject, within each of jth ROIs and each kth voxel, we computed the PVE ijk , and compared ROI-specific age-related Z-values and partial volume estimates to manual volume and age effects. The descriptive statistics for the age differences in regional peaks are presented in Table 6 , whereas the PVE sample means for all ROIs are listed in Table 7 .
Correlations between the ICV-adjusted partial volume estimates from the masked regions and the volume from the manually traced ROIs were quite low, ranging from r = .56 for the dorsolateral prefrontal area to r = −.01 for the inferior parietal white matter (see Table 7 for all region's correlations between the two methods). Age effects in all cortical gray matter ROIs were negative (see Table 7 ), indicating reduced local modulated density in older brains. Although in eight out of 11 cortical regions the magnitude of age differences was greater for VBM-based estimates, the proportion was not significantly different from chance: sign test p = .23. For three out of four white matter ROIs similar, though smaller, negative age differences were observed with the manual measures, but not with the VBM estimates. Note. L, left hemisphere; R, right hemisphere; volume = #voxels multiplied by 8 mm 3 . See Table 2 for ROI abbreviations. The mean and S.D. are for the Z-scores. a max peak Z-score did not reach significance, indicating no significant effect of age within this ROI. All results are based on modulated data. No significant differences were noted in IPw. For all white matter ROIs, manual measures produced larger age effects. Overall, there was a weak association between the magnitude of age differences in white matter obtained with manual and VBM-derived measures: Spearman ρ = .40, p < .05, onetailed. However, when the most discrepant region, inferior parietal lobule, was removed from the set, the association strengthened to ρ = .58, p < .05. Notably, across all ROIs, greater PVE variability (as indexed by the coefficient of variation, CV) was associated with greater age-related differences (Spearman ρ = .59, p < .05) and greater negative correlations between PVE and age: Spearman ρ = −.69, p < .01. We used Steiger's Z* statistic, which takes into account the dependence between the members of bivariate correlations (Steiger, 1980) , to quantitatively compare the correlations of age and regional volumes obtained by the two methods for significant departure. These differences are listed in Table 7 .
We conducted a general linear model analysis with regional PVEs as multivariate-dependent variables, age (recentered at its sample mean) as a continuous predictor, and sex as a categorical-independent variable. For the gray matter regions, the ROI and the hemisphere served as two repeated measure factors with 11 and 2 levels, respectively. The analyses revealed the main effect of age: F(1,196) = 306.67, p < .001, η 2 = .61. However, as indicated by a significant age × ROI interaction (F(10,196) = 19.56, p < .001, η 2 = .01), the magnitude of age differences varied across ROIs. The correlations between age and PVE ranged between r = −.40 for the IT to r = −.80 for the MC. Within ROIs, correlations with age were sometimes larger for the left hemisphere and sometimes for the right. In all cases these differences in correlation magnitude were trivial and were confined to the second digit after the floating point. Nonetheless, because of strong dependence between the hemispheric PVEs, a small but significant age × ROI × hemisphere effect ensued: F(10,196) = 2.38, p < .05, η 2 = .01.
In a similar model for the white matter, ROI (four levels), and hemisphere (two levels) were repeated measure factors. This analyses revealed a significant effect of Hemisphere: F(1,196) = 255.57, p < .001, η 2 = .39. Neither age nor sex showed significant main effects (both F < 1). However, a significant ROI × age interaction (F(3,588) = 32.26, p < .001, η 2 = .06) indicated that some ROIs showed age differences. Indeed, the correlation with age was significant only for the prefrontal and primary motor (pre-central gyrus) area white matter, but not for the inferior parietal or postcentral gyrus. Furthermore, the significant triple interaction ROI × age × hemisphere (F(3,588) = 10.56, p < .01, η 2 = .03) indicated that age effects varied not only across ROIs but also within ROI. Whereas left IPw and right SSw showed no age differences, among the ROIs that exhibited smaller volumes with age, the left hemisphere effects were larger than those on the right.
To illustrate the differences in the observed age effects, we provide side-by-side scatterplots depicting the regression of each ROI (adjusted for intracranial volume) on age for the two methods (see . Visual inspection of the plots suggests several method-related differences in the distributions of volume estimates and age. For some regions (e.g. DLPFC, OFC and PHG), the VBM-based estimates produced isolated outliers that appear to enhance the association with age. Removal of the outliers, however, had no effect on the correlations between ROI PVEs beyond the third decimal Fig. 6 . Scatterplots of bivariate relations between age manual volumes or VBM-derived partial volume estimates for prefrontal gray matter regions (dorsolateral prefrontal cortex, orbitofrontal cortex, anterior cingulate gyrus). All regressions were conducted using intracranial volume adjustment.
place, and therefore, all the observations were retained in the analyses.
For some ROIs, we observed nonlinear effects, i.e., age-related differences in PVE became greater with age (Figs. 6-9 ). We formally tested each of the regressions of PVE or volume on age for a quadratic fit (in no instance was a cubic polynomial a better fit). The results (tabulated in Table 8 ) indicated that the magnitude of nonlinear effects found by PVE and by manual findings correlated, although the agreement was far from perfect: ρ = .55, p < .05. The PVE Fig. 7 . Scatterplots of bivariate relations between age manual volumes or VBM-derived partial volume estimates for temporal lobe gray matter regions (hippocampus, parahippocampal gyrus, fusiform gyrus, inferior temporal gyrus). All regressions were conducted using intracranial volume adjustment. Note. PVE = partial volume estimate. Linear slope indicates estimated rate of change in volume (cm 3 /year); quadratic slope estimates acceleration in volume change (cm 3 /year 2 ). At (1,196) d.f., F = 3.89 for *p = 0.05; F = 6.76, **p = 0.01. See Table 2 for ROI abbreviations.
index found nonlinearity more frequently (in six ROIs) than manual measures (only three), sign test: p = .02.
Discussion
In this study we have compared VBM to the current gold standard of volumetry, manual tracing, in their ability to detect age differences. We improved upon the limitations of the existing comparisons by significantly increasing the sample size and the number of regions that were traced manually with a higher level of reliability, and by providing a quantitative means of evaluating these two techniques via binary masks based on the manual ROIs. The analysis of voxelaggregated ROIs is atypical for a VBM approach to analysis of structural brain properties. In the extant literature, assessment of neuroanatomically plausible ROIs is downplayed in favor of peak analysis of statistically defined but not biologically plausible clusters of pixels. Manual volumetry, in contrast, is based on anatomically defined gross anatomical units, such as gyri and nuclei. Thus, creation of equivalent ROI-based objects in VBM was necessary for a valid quantitative comparison to manual methods. It is worth noting that this approach not only did not detract from VBM usefulness, but in fact, complemented the semi-automated approach by revealing regional non-linear effects of age. Such effects would not have been detected otherwise.
In a qualitative comparison, we found that despite a substantial regional overlap in the pattern of age differences in regional brain structure, discrepancies between the methods were apparent. VBM peak analysis yielded a more widespread and less differential pattern of age differences than manual measures. According to manual volumetry (Raz et al., 2004) , dorsolateral prefrontal cortex exhibited the greatest age-related differences, whereas significantly weaker associations were observed in the PFC white matter, sensory-motor, and visual association regions. Also, according to the manual measures, the primary visual, anterior cingulate, the inferior parietal cortices, and the parietal white matter volumes were not adversely affected by age. In contrast, in optimized VBM analyses of peak Z-distribution, the strongest negative associations with age were found in the insula, superior temporal gyrus, and pre-central gyrus. Although we had not assessed it for this sample (Raz et al., 2004) , we have since manually measured volume of the insula in our laboratory in another sample of 115 healthy adults (19-83 years old) and found it correlated with age r = −.27 (Raz et al., unpublished data) . This is a much weaker association with age than that of prefrontal cortex. In fact, nine other measured regions had a stronger age effect than the insula. Thus, the strongest VBM effects were limited to the regions of parenchyma-CSF interface such as Sylvian and interhemispheric fissures, especially the superior temporal gyrus/insula areas. It is plausible that this discrepancy reflects the fact that due to smoothing, there may appear to be reduced gray matter in a gyrus, simply because the neighboring sulcus has widened with age, either due to gray or white tissue loss elsewhere. Or it could be due to agerelated changes in MRI contrast, discussed further below. It is likely, however a product of misregistration that can occur in the VBM method, or the combined effect of all of these problems. Fig. 8 . Scatterplots of bivariate relations between age manual volumes or VBM-derived partial volume estimates for primary motor and somatosensory cortices (gray and white matter). All regressions were conducted using intracranial volume adjustment. Fig. 9 . Scatterplots of bivariate relations between age manual volumes or VBM-derived partial volume estimates for prefrontal cortex white matter, inferior parietal lobule (gray and white matter), primary visual (calcarine) cortex. All regressions were conducted using intracranial volume adjustment.
Regarding the white matter, VBM peak analyses revealed age differences mainly in the periventricular regions. Thus, significant VBM peaks of age differences in density were more likely to appear in the regions that either bordered large pools of CSF or were likely to contain regions of CSF that on T2-weighted images appear as white-matter hyperintensities. The latter is hardly surprising, as in published VBM analyses of gray matter volumes, ventriculomegaly is associated with artifactual findings of disease-related reduction in local density (Duran et al., 2006; Senjem et al., 2005) . In the past, the designers and major practitioners of the VBM methods (Ashburner and Friston, 2001; Good et al., 2001 ) have cautioned about a common problem with VBM: voxels on the edge of white matter and ventricles often appearing as gray matter. Consequently, registration works the least well in instances where there are large shape/size differences between groups, especially around the ventricles. Unfortunately, ventriculomegaly is one of the most common neuroanatomical features of aging and of many psychiatric and neurodegenerative diseases, the very populations that VBM users are most interested in studying. A systematic investigation of the effects of spatial normalization is needed to address concerns that the degree of deformation of individual brains fitted to a common template may depend on age (e.g., Bookstein, 2001) .
The observed elevated sensitivity of VBM to age differences in regions highly prone to partial volume artifacts and white matter heterogeneity suggests that the patterns of VBM results should not be taken on face value and the abundance of positive findings should not necessarily be viewed as a sign of methodological superiority. For example, the insula (a structure that lies in the depth of the Sylvian fissure in the circular gyrus and near the claustrum) is frequently reported (238 studies found in Pubmed database accessed on 23 October 2007) as a location of significant age-and disease-related differences (e.g., Giuliani et al., 2005; Kubicki et al., 2002) . When the image is spatially smoothed, and its resolution reduced sometimes more than 1000-fold, small structures are averaged and small differences are amplified (see also Allen et al., 2005) . Those amplified differences include relatively small imperfections of registration, thus confounding the subsequent voxel-based analyses (Bookstein, 2001) . When a region that is commonly found as the focus of significant differences by VBM analyses is also the region that would suffer the most from misregistration, extra caution in interpretation of results is advisable.
Another potential source of error in the highly automated VBM method is incomplete removal of the non-brain matter from the images in the skull-stripping phase. Separation of brain and non-brain tissue requires expertise and thus cannot be totally automated, adding a necessary semi-automatic step of removing discrepant tissue by hand, as viewed by the expert eye vs an automated algorithm before proceeding with processing. In the current study we visually examined each brain in detail after every step of the VBM process including skull stripping where we checked and manually removed any excess extracranial tissue not removed via the automated algorithm.
Although not the main focus of this study, sex differences were examined in both manual and VBM analyses. Manual volumetry revealed several sexually dimorphic regions, with men having significantly larger volumes in the visual cortex, parahippocampal gyrus, anterior cingulate gyrus, the hippocampus, and prefrontal white matter. That pattern of sex differences was not entirely consistent with that observed in our previous sample drawn from the same population (Raz et al., 1997) which reported significant sex differences only in the hippocampal and primary visual cortex volumes, highlighting the unstable nature of sex effects. Lack of clear replication of sex differences across samples has been reported in other studies as well (e.g., Cowell et al., 2007; Chen et al., 2006; DeCarli et al., 2005; Nopoulos et al., 2000) . Several sex differences in modulated peak gray matter density were observed in the VBM analyses when we applied the typically used correction for total brain volume. They all favored women. However, when manually measured intracranial volume was used as a covariate, the sex differences all but disappeared. This finding reinforces the recommendation to use an extra-cerebral index such as manually or semi-automatically traced intracranial vault volume as a covariate for head size correction (Walhovd et al., 2005) .
In the context of an aging brain study, the possibility of sexually dimorphic age trajectories warrants attention. We examined the interaction between sex and age-related volume differences and found no agreement between manual volumetry and VBM. With manual volumetry, sex differences in hippocampus, fusiform gyrus and prefrontal white matter disappeared with age. VBM revealed age-dependent sex differences in a non-overlapping set of regions: periRolandic gray, peri-Sylvian white, and pericallosal gray and white. Notably, all VBM-detected interactive effects fell along the banks of the two major fissures (Sylvian and Rolandic) and along the major white matter structure-the corpus callosum. A finding that may reflect age-related reduction in gray-white-CSF contrast. Moreover, previous reports indicated disproportional expansion of sulcal space in men (Coffey et al., 1998; Gur et al., 1991) , increased cortical thickness in women (Sowell et al., 2007) and young adults (Luders et al., 2006) -potential sources of bias in VBM findings.
The VBM analyses (but not the manual measures) found small circumscribed areas of age-related modulated density loss that accelerated with hypertension. Most of those findings, however, were of questionable robustness and did not survive application of more stringent statistical inference criteria. Nonetheless, those that remained significant at the adjusted p-levels corresponded to the hypertension-related differences observed in other cross-sectional samples drawn from this same population as well as in a longitudinal followup of a portion of this sample (Head et al., 2002; Raz et al., 2003; Raz et al., 2005; Raz et al., 2007a,b) . Thus, in the case of hypertension, VBM was more likely to detect what appears to be a replicable difference in regional brain structure.
When analyses of statistically derived isolated peaks were replaced by biologically more plausible analyses of homogenous anatomically defined regions via aggregation of PVE values (in masks), the patterns of findings obtained by either method became more similar. However, VBM failed to detect age differences in white matter regions, showing slight increases in modulated density for some of them, which may be due to errors in segmentation and/or registration. Notably, the magnitude of age differences detected by the regional PVE approach was greater in the regions of elevated pixel PVE variability. Thus, in future applications of VBM to the study of individual and age-related differences, it may be advisable to pay at least as much attention to within-region variability as to between-region differences in parenchymal properties.
The shapes of estimated trajectories of regional brain aging differed between the methods. In some regions, such as the hippocampus and the prefrontal white matter, nonlinearity (age-related acceleration of estimated declines) was detected by both methods. In other regions, inter-method discrepancies were observed. Except for one region (fusiform gyrus), VBM analyses were significantly more likely to detect nonlinearity than did the manual measures. In this study, it is impossible to declare which of these effects are "true" and which are spurious. We infer, however, that the observed white matter nonlinearities reflect the reality of brain aging as they are in accord with multiple converging findings (see Raz and Rodrigue, 2006 for a review). Thus, VBM may be more sensitive to nonlinear trends in the white matter volumes. However, nonlinearities in at least some of the VBM gray matter regions may be artifactual. They may reflect disproportionately significant distortion in the regions of high individual variability and high proneness to MRI artifacts, such as increased flow in the vicinity of the parahippocampal gyrus, or as a result of smoothing in these small areas.
Dependence on high image quality and homogeneity is an inherent limitation of the VBM methods. In VBM, tissue classification is based on calculated voxel intensities, which changes as a decelerating quadratic function of age (Cho et al., 1997) . The result of these T1-weighted changes is age-related alterations of image contrast. Thus, in the brains of older participants, age-related reduction of gray matter T1 may result in gray matter pixels appearing more similar to the white ones than on the images of younger brains. In addition, flow and motion artifacts create contrast situations that are problematic for intensitybased approaches and can be resolved only by imposing anatomical constraints. The human eye is likely better than an algorithm in taking these contrast differences into account, and correctly assessing the likelihood of the whitegray distinction. Trained human operators guided by the "top-down" influence of their knowledge of anatomy have several advantages over digital algorithmic approaches. The attempts to incorporate "training-like" information in computer decision making (e.g., Fischl et al., 2002) seem to work better for simple rather than anatomically complex structures.
Conclusions
The results of this study reveal significant discrepancy between manual volumetry and VBM analysis of age differences when the latter is confined to identification of statistically significant peak Z-values (i.e., the current conventional use). However, when compared on a common ground (i.e. with regards to anatomically definable regions), semi-automated and manual methods of evaluating regional brain structure yield similar pattern of results, some notable exceptions notwithstanding. The discrepancies tend to occur in the regions of increased inter-voxel variability. However, when highly circumscribed isolated differences in density (the peaks) are taken as indicators of structural integrity, the correspondence between the two approaches is low. Because isolated clusters of voxels have no clear biological meaning and because VBM algorithms are sensitive to localized artifactual differences in intensity, voxel-byvoxel analyses of the whole brain can be interpreted only as an exploratory hypotheses-generating preamble to a careful analysis of potential artifacts and examination of the structural properties in anatomically definable regions. There is a danger of amassing VBM studies to collectively reify potentially spurious findings. For example, when different VBM studies produce the same results (i.e., the insula), this might be more likely to be taken as "validation" of a finding rather than as perpetuation of an artifact. 1 Variability within given regions may be informative of age-related processes compromising brain integrity and should be examined with no lesser attention than the betweenregion mean differences. A similar point was recently made in regards to interpretation of fMRI experiments on purely statistical grounds: there is no evidence that "red" pixels are statistically different from "orange" pixels nearby, yet the former are accepted as more meaningful findings than the latter (Jernigan et al., 2003) . Unfortunately, that important argument somehow did not exert due influence on the current research practices in the field of neuroimaging. Lastly, VBM methods may be better suited for detection of nonlinearities in age trends but this matter needs careful investigation considering a possibility that nonlinearities may reflect registration artifacts.
In sum, for an optimal evaluation of age-related differences in brain structure, VBM as it is utilized now should be used judicially as a hypothesis-generating device. The maps of group or individual differences generated by VBM should be used in conjunction with regional volumetry aimed at testing specific hypotheses about plausible neuroanatomical units. In this way, each technique will accentuate the advantages and ameliorate the limitations of the other.
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